Abstract-In this paper, the time series, and a parametric feedforward neural network model were designed. A methodology for wind speed prediction in the regions where wind speed is not available by measurement based on the T-FFNN is proposed in this work according to the meteorological, topographical and geographical parameters for long-term prediction. Typical wind speed and direction are respectively predicted by the optimum 9-152-1 T-FFNN. Then the prediction results are analyzed. The results show that the suggested approach is powerful and can be used effectively to predict the wind speed and direction. The observed and modeled data were used in developing the energy map using ArcGIS 9.3 which shows the distribution of wind speed and power density across the studied area.
I. INTRODUCTION
Wind speed and direction are the most important parameters in studying the potential of wind energy and micrositing analysis. In fact, it is well-know that the wind power varies directly as cubic of wind speed. Many experts have claimed that an error of 1 % in wind speed measurement cause of around 2 % deviation in energy production [1] . For that reason, it is of utmost importance to predict wind speed with acceptable accuracy.
Prior to the soft computing, wind speed and direction predictions were normally carried out using physical equations. For instance, mass consistent-code, multi-grid, continuity equation, boundary layer flow and so on [2] . These approaches tend to be complex due to irregularities and unpredictable nature of wind flows. Furthermore, no mathematical model either physical or numeric provides a perfect, definitive solution [3] . As such soft computing that involves fuzzy logic and neural networks (NN) are discovered to be more acceptable [4] . Simulating annealing (SA), support vector machine (SVM) and fuzzy logics are usually applied to the prediction of short samples. Moreover, according to [5] in dealing with nonlinear system modeling, these methods have some drawbacks such as difficulty in selecting the parameters and complexity in computation time.
The ANN can be applied conveniently without the need of mathematical formulation, or in which a numerical model can hardly be constructed. In recent times, ANN has been employed for wind speed and power predictions, because of the fault tolerance, simple topology, fast computing time, parallelism and ability to estimate nonlinear functions [4, [6] [7] [8] [9] [10] Most of the reported studies have considered different meteorological parameters in developing wind speed prediction models. However, none of these studies have included the effects of roughness length and terrain elevation. Based on these ANN advantages and the effects of terrain in wind flow, a T-FFNN is proposed.
II. METHODOLOGY

A. Study Area Description
Sarawak is one of the two Malaysia states located on the island of Borneo. 
B. Data Collection
The data used in this study are daily average wind speed (m/s), wind direction (0), temperature ( o C), atmospheric pressure (hPa), and relative humidity (%). These data were collected from Malaysia Meteorological Department (MMD) located at eight ground stations for a period of ten years (2007-2016) from Kuching, Miri, Sibu, Bintulu and Sri Aman. While a five years (2012-2016) worth of data from Kapit, Limbang and Mulu.
C. Data Collection Terrain Elevation Model (DEM) and Roughness Length Data Generation
Terrain data can be obtained from different sources, like internet, department of survey and so on. In Malaysia, a nonrestricted topographical map is available at department of survey (JUPEM) for research purposes. To develop a DEM, this study applied two software programs, GEPlot and Google Earth. The distance between the locations was digitized at 100 m contour interval. By making the use of mark-up tool available in Google Earth, the data points were identified. World Geodetic System (WGS 84) is used to generate the latitude and longitudes of each sample location. The coordinates were exported to Terrain Zonum Solution (TZS) which is available free online in order to extract the DEM data. Based on the developed DEM; the terrain data were viewed and stored in a separate database. The surface roughness class was generated by means of GEPlot. As a result of large forest of the study, considerable attention has been given to the forest; a canopy Sarawak forest model was synthesized. The model is solved by applying two drag forces Fr1 and Fr2.
D. Data Collection Terrain Network Design /Simulation and GIS-Assisted Methodology
A three layer Feedforward neural network (FFNN), with 9 inputs (latitude, longitude, altitude, month, terrain elevation, roughness class, temperature, atmospheric pressure and relative humidity. A single hidden layer with variable neurons (9-202-2) nine inputs, two hundred and two neurons in the hidden layer and two output function is used, as theoretically has been proven to be sufficient for this topology [9] , while the monthly wind speed as the objective function in the output layer. Logsigmoid and Purelin transfer function were applied in the hidden and output layer in order to obtain a differential function between the input and output layer (Figure 1 ). ANN needs to be designed to generate wanted results, by changing the weights of interconnections between neurons. This process is known as training which is classified into monitored and unsupervised learning. A feedforward training patterns by adjusting the weight comparison of input and output parameters is used in this paper in order to achieve a smaller amount of error. For the model training, the data sets were partitioned into three sets, 70%, 20% and 10% for the training, testing and validation in [-1,1] domain. The model training is performed by varying the weights and the number of neurons in the hidden layer until the optimum network is attained.. While a five years (2012-2016) worth of data from Kapit, Limbang and Mulu.
Based on the mean square error, regression value and computation time. Once the training is completed, the network is simulated in order to predict the wind speed in the targeted areas. The weights and biases are obtained, which leads to the development of a predictive mathematical model of the region. For the wind direction prediction, a similar model was developed using the same approach, by considering, latitude, longitude, altitude, month, terrain elevation, roughness length, temperature, atmospheric pressure, wind speed and relative humidity as input parameters, and wind direction as the target function.
Wind energy mapping of the study area was plotted using ARCGIS 9.3 software. The coordinates of each ground and artificial mounted station was converted into degree decimal unit. The World Geodetic System of 1984 (WGS84) was used for the classification of the coordination system and it was used in creating the contour lines, this approach has been validated by earlier works conducted in [4, 11] . 
III. RESULTS AND DISCUSSION
A. Authors and Affiliations T-FFNN Matlab Developed Model
The training processes for all the designed networks were investigated, based on the characteristics of the used T-FFNN stated in the previous section. Figure 2 shows the sample of the training conducted in the case of Miri. The training was terminated at 1000 epochs, because no further improvement can be made. The overall regression (R) value of was obtained. It can be observed from the figure, a small oscillation is occurred after 100 epochs. This could be attributed as a result of terrain elevation changes and roughness class, although the oscillation is minimal. When the training started, the wind speed is Geostrophic, which means no vertical movement and wind shear, and the change in velocity with respect to time is zero.
To demonstrate the capability of the suggested method, a graph showing a predicted monthly wind speed in the areas not covered by measurement instrumentation and the measured wind speed and direction using the a control station situated in the region is shown in Figure 3 . In all the month, the predicted and reference wind speed shows similar trends. The correlation between these wind speed falls within 0.78-0.8, with optimum value of 0.73. Thus, this evidence indicates a good relationship between the predicted and measured reference wind speed/direction within the region. Nevertheless, the maximum mean absolute percentage error of 6.4% was realized. A minimum and maximum MAPE of 8.4-19.1% has been reported in [12] [13] [14] [15] [16] [17] .
B. Sample of the Developed Wind Rose and Energy Map
For the wind direction, Figure 4b shows the long-term wind direction raised plot for the Kuching. It is clear that the prominent measurement direction of Kuching is 250 0 and 270 0 ; the southwest wind is efficient in the region. Furthermore, a sample of isovents maps for Sarawak was plotted using ARCGIS 9.3 software as depicted Figure 4a , it can be seen that wind speed varies depending on the location, the most suitable area to harness the energy content in a wind are northeast, southwest and coastal regions. Based on the developed wind map it can be seen that small power rating wind turbine could be used to generate electrical power in the studied areas, in the where wind speed and direction is not covered by measurement. It is demonstrated spatially that the most suitable areas to harvest the wind energy are northeast, coastal regions and southwest. 
IV. CONCLUSION
This study presents a methodology for wind resource assessment using a topographical approach model in complex regions. The model is found to be suitable for reproducing wind speed and direction in the areas not covered by measurement. It is demonstrated spatially that the most suitable areas to harvest the wind energy are northeast, coastal regions and southwest.
